Abstract. The objective of the present study was to evaluate patterns of implicit processing in a task where the acquisition of explicit and implicit knowledge occurs simultaneously. The number reduction task (NRT) was used as having two levels of organization, overt and covert, where the covert level of processing is associated with implicit associative and implicit procedural learning. One aim was to compare these two types of implicit processes in the NRT when sleep was or was not introduced between initial formation of task representations and subsequent NRT processing. To assess the effects of different sleep stages, two sleep groups (early-and late-night groups) were used where initial training of the task was separated from subsequent retest by 3 h full of predominantly slow wave sleep (SWS) or rapid eye movement (REM) sleep. In two no-sleep groups, no interval was introduced between initial and subsequent NRT performance. A second aim was to evaluate the interaction between procedural and associative implicit learning in the NRT. Implicit associative learning was measured by the difference between the speed of responses that could or could not be predicted by the covert abstract regularity of the task. Implicit procedural on-line learning was measured by the practice-based increased speed of performance with time on task. Major results indicated that late-night sleep produced a substantial facilitation of implicit associations without modifying individual ability for explicit knowledge generation or for procedural on-line learning. This was evidenced by the higher rate of subjects who gained implicit knowledge of abstract task structure in the late-night group relative to the early-night and no-sleep groups. Independently of sleep, gain of implicit associative knowledge was accompanied by a relative slowing of responses to unpredictable items suggesting reciprocal interactions between associative and motor procedural processes within the implicit system. These observations provide evidence for the separability and interactions of different patterns of processing within implicit memory.
Introduction
The ability to consciously recognize regularities in the environment is an important prerequisite for the development of highly adaptive behavior. Such conscious knowledge that can be used for deliberate changes in behavior is referred to as explicit knowledge (Seger, 1994) ; and, if coming suddenly to mind, as insight (Bowden, Jung-Beeman, Fleck, & Kounios, 2005; Haider & Rose, 2007; Kounios et al., 2006; Wagner, Gais, Haider, Verleger, & Born, 2004) . This can be contrasted with implicit knowledge, where people make use of environmental regularities in certain aspects of their behavior even without being aware of it, for example, when they gradually increase the speed for repeated movement patterns. These two types of knowledge are widely accepted to differ not only phenomenologically, but also to depend on different memory systems in the brain (Forkstam & Peterson, 2005; Squire, 1992) , although alternative views on unitary memory also are suggested (Reder, Park, & Kieffaber, 2009) . At the neurobiological level, a distinction has been made between a hippocampus-dependent memory system comprising the medial temporal lobe that specifically subserves explicit memory formation, and a more heterogeneous hippocampus-independent system underlying different types of implicit memory formation (Forkstam & Peterson, 2005; Willingham, 1997) .
In certain paradigms, the acquisition of both explicit and implicit knowledge can be assessed within the same task. Such paradigms are particularly interesting because they allow a direct comparison of explicit and implicit aspects of memory formation in a situation where they develop in parallel. One such paradigm is the so-called number reduction task (NRT; Frensch et al., 2002; Haider & Rose, 2007; Woltz, Bell, Kyllonen, & Gardner, 1996) . This is a complex cognitive/procedural learning task where in each trial subjects transform a given digit string into a new digit string according to two simple transformation rules in order to determine a certain digit as the final result in the trial (Haider & Rose, 2007; Lang et al., 2006; Rose, Haider, Weiller, & Büchel, 2002) . Similar to serial learning tasks, the NRT has two levels of organization, overt and covert. As detailed in the Methods section and illustrated in Figure 1 , each trial of the NRT consists of a string of several digits. At the overt level, subjects have to process the digits and produce consecutive responses following two operational rules. The covert level of NRT organization is that, unmentioned to the subjects, all strings are generated according to an abstract regularity according to which the last three responses in a string always mirror symmetrically the preceding three responses, so that the second response in each trial is identical to the final result (Figure 1 ). If capable of comprehending this regularity, participants could abruptly shortcut sequential responding. This regularity is abstract because the actual digit strings and responses change from trial to trial. Thus, abrupt speeding in response times could be used as a reliable behavioral indicator predicting the occurrence of insight into this paradigm.
Importantly, in the NRT, implicit learning can be assessed separately from the generation of explicit knowledge about the hidden task regularity. In this task, two types of implicit learning emerge outside of awareness. These are procedural learning and associative implicit learning. (1) Procedural learning is defined as the implicit gain in performance skills. Automation, proceduralization, or operationalization that occur outside of awareness are generally reflected by behavioral improvement (decrease in response time and error rate). Procedural learning may involve motor, perceptual, and cognitive operations. (2) Associative implicit learning, on the other hand, refers to the acquirement of implicit abstract knowledge about the hidden regularity of the NRT structure. In fact, it represents implicit processing of implicit abstract knowledge ). This associative implicit learning is verified by the increased speed of responses that can be predicted relative to responses, but that cannot be predicted by that regularity (Frensch et al., 2002; Haider & Rose, 2007; Lang et al., 2006; Yordanova et al., 2008) . These decreases of response time (RT) to predictable responses are not the result of fast short-term procedural learning within the string because when the same strings are processed without the mirror regularity being introduced, responses at last positions in the string are not faster (Rose, Haider, & Büchel, 2005) . Therefore, associative implicit learning in the NRT may be reliably quantified by RT decreases that are larger to predictable responses than to unpredictable responses (Yordanova et al., 2008; ).
Previously, we used the NRT to evaluate the role of sleep for the generation of explicit knowledge (gain of insight) about the hidden task regularity. In the study of Wagner et al. (2004) , after an initial training phase of the NRT, which served to build up an initial memory representation of the task, subjects spent the subsequent 8 h either asleep (in the night) or awake (in the night or during the daytime), before a retest session was performed. It was found that sleep strongly supported the gain of insight, with 60% of participants reaching insight after sleep, compared to 20% after wakefulness. The study of Yordanova et al. (2008) used a split-night design to explore the contribution of different sleep stages, slow wave sleep (SWS) dominating in the first half of the night, and rapid eye movement (REM) sleep dominating in the second half of the night, to these effects. Within the split-night design, subjects from one group trained on the NRT in the evening and were tested after 3 h of predominantly SWS (early-night group, Early-NG), and subjects from a second group (late-night group, Late-NG) trained initially on the NRT after they had slept in the early night and were tested in the morning after 3 h of predominantly REM sleep. It was found that the rate of insight after early or late sleep was not as high as after a full night of sleep, and that SWS in the early night promoted the transformation of implicit knowledge acquired before sleep into explicit knowledge after sleep (Yordanova et al., 2008) . Also, no effects of either early or late sleep were detected for off-line procedural learning during sleep .
The major objective of the present study was to examine patterns of on-line implicit processing in the NRT. (1) One aim was to compare implicit associative and procedural learning in the NRT when sleep was or was not introduced between initial formation of task representations and subsequent NRT processing. Associative implicit learning was assessed by identifying subjects who could or could not gain implicit knowledge about the hidden NRT structure (Yordanova et al., 2008) and comparing their rate in conditions with and without preceding off-line memory consolidation based on sleep. To represent the intervening sleep condition, the early-and late-night groups from the study of Yordanova et al. (2008) were used. To represent the nosleep condition, two other groups of subjects were studied. They performed the successive blocks of NRT (see Methods) without any break between the blocks where sleep occurred in the sleep groups, at different times of the dayin the morning (Morning-G) or in the evening (Evening-G). Also, we tested if intervening sleep affected procedural learning after sleep by comparing time-on-task dynamics of response speed in the course of task performance for the sleep and no-sleep groups. Since differences in the gain of implicit knowledge between groups may modulate this dynamic by specifically speeding predictable responses (Yordanova et al., 2008; Yordanova, Kolev, Wagner, & Verleger, 2009; ), this comparison was done for subjects who did not acquire implicit knowledge of the hidden NRT regularity.
(2) A second aim was to evaluate the interaction between procedural and associative implicit learning in the NRT. Previous studies of serial learning tasks have primarily explored the influence of explicit information on implicit motor learning, with results being inconsistent: Some findings report beneficial effects of explicit knowledge on procedural learning (Boyd & Winstein, 2001 , 2004 Curran & Keele, 1993) , while other report few consequences (Reber & Squire, 1998) or detrimental effects (Reber, 1976) , possibly modulated by independent systems for dual explicit and implicit control (Mazzoni & Wexler, 2009) or by reciprocal interactions between explicit and implicit memory systems (Brown & Robertson, 2007; Galea, Albert, Ditye, & Miall, 2010) . However, the interactions between different types of implicit processing are not sufficiently elucidated. Here, we compared procedural learning between subjects who did or did not acquire implicit knowledge about the NRT structure by analyzing time-on-task dynamics of unpredictable responses that, in contrast to predictable responses, might not be affected by implicit knowledge of NRT structure.
Methods

Subjects
Healthy students (18-28 year old) without any history of sleep disturbances from psychiatric or neurological disorders were recruited at the University of Lübeck to participate in the experiment. Results from the Early-NG and Late-NG groups had first been reported by Yordanova et al. (2008) , and from the two no-sleep groups by Wagner et al. (2004) . Before participating in the sleep experiments, subjects spent an adaptation night in the laboratory. They were paid for their participation and gave informed written consent prior to the study.
Following the experimental design (see below and Table  1 ) there were two sleep groups: An Early-NG comprising subjects in whom the period between training and test sessions was full of early-night sleep rich in SWS, and a Late-NG comprising subjects in whom the period between training and test sessions was full of late-night sleep rich in REM. For the sleep groups, 3 training blocks were performed before sleep (early or late) and 10 test blocks were performed after sleep. The two no-sleep groups were the morning group and evening group (see Table 1 ) who performed 13 blocks of the NRT without a longer interruption after the third block. The times of these experiments coincided for the Evening-G with the time of the learning period of the Early-NG, and for the Morning-G with the time of testing after sleep period of the Late-NG (see also Figure  2 ).
Participants who had already gained insight (see below for definition) at initial training were excluded from analyses. Several other participants had to be excluded because of failure to comply with instructions (staying awake most of the night) or technical reasons (low quality of sleep EEG, etc.). Thus, 29 subjects from the Early-NG, 26 subjects from the Late-NG, and 19 subjects from each of the Morning-G and Evening-G were used for statistical comparisons ( Table 1) .
As reported previously (Yordanova et al., 2008; Yordanova, Kolev, Wagner et al., 2009) , the Early-NG had significantly more S3 (p < .001), S4 (p < .05), and total SWS (p < .001) than the Late-NG.
1 Correspondingly, there was significantly more REM sleep in the Late-NG than in the Early-NG (p < .001). The difference in the amount of SWS and REM sleep was also verified for the nonsolvers in the Early-NG and Late-NG analyzed in the present study (for details see Yordanova et al., 2008) .
Task and Procedure
The task illustrated in Figure 1 by an example trial was the NRT as described previously (Wagner et al., 2004; Yordanova et al., 2008; Yordanova, Kolev, Wagner et al., 2009 ). Details are presented in these previous reports. Briefly, on each trial, a different string of eight digits (1, 4, and 9) for which subjects had to determine a digit defined as the "final result" of the trial (Response 7 -Fin) by using two rules: (1) the "identity rule," or (2) the "difference rule" (Figure 1 ). By applying the two rules, participants generated a string of seven responses, with the last one indicating the final result, to be confirmed by pressing the Enter key. Time was limited to 4 s for any single response and to a total of 12 s for all responses until pressing Enter.
All response sequences had the form "A-B-C-D-D-C-B" (with A, B, C, and D representing one of the digits 1, 4, or 9), i.e., the last three responses always mirrored the preceding three responses, so that the second response in each trial coincided with the final result (arrows below Response 7 in Figure 1 ). Thus, if they had gained insight into this regularity, participants abruptly cut short sequential responding by pressing the Enter key after the second response. This regularity is abstract because the actual digit strings and responses change from trial to trial. Thus, recognition of the rule does not simply result from repetition of the same finger movements in all trials.
The experimental protocol for the sleep groups is presented in detail in Yordanova et al. (2008; Yordanova, Kolev, Wagner et al., 2009 ) and is also shown here for the no-sleep groups in Figure 2 . Participants performed an initial training of 3 task blocks and a follow-up retest session of 10 task blocks, with 30 trials in Evening group 19 5 (26%) 5 (26%) 9 (47%) Note: Indicated are the number of participants (percentage of total number) in each group (leftmost column). ExK = gain of explicit knowledge (insight) about abstract NRT regularity, ImK = gain of implicit knowledge about abstract NRT regularity, NoK = no knowledge about NRT regularity. each block. For the sleep groups, the interval between the third and the fourth block was filled with 3 h of sleep either in the early or late night, and there was no interval between these blocks for the no-sleep groups (Morning-G and Evening-G). The exact hours of NRT performance of all groups are presented in Figure 2 .
As an additional control, subjective levels of tiredness, activation, concentration, and motivation were assessed on 5-point scales immediately before each NRT session. After the retest session, participants' explicit knowledge of the task structure was assessed by a behavioral test and a questionnaire (details in Wagner et al., 2004; Yordanova Figure 1 . Number reduction task (NRT), illustrated by an example trial. Subjects sequentially transform a given sequence of digits (with only the three digits 1, 4, and 9 used) into a new sequence to determine a specific digit as the final result to this trial (Response 7 -Fin). This could be achieved by sequentially processing pairs of digits from left to right according to two simple rules, i.e., the identity rule, stating that the result of two identical digits is the same digit, e.g., 1 and 1 gives 1, as in Response 1 here; and the difference rule, stating that the result of two nonidentical digits is the remaining third digit of this three-digit system, e.g., 1 and 4 gives 9, as in Response 2 here. The resulting digit of a pairwise transformation always serves as one of the two digits to be transformed in the next step. This sequential processing thus results in the creation of a sequence of seven responses (R1 to R7). The trial ends by pressing the Enter key produced after R7 or after any previous responses proposed by the subject to be the final result of the trial. The hidden task structure implemented in all task trials is that the last three response digits mirror the previous three response digits (illustrated by pairwise arrows below R7), which implies that the second response digit always equals the final result (R2 = R7). Gaining explicit knowledge (insight) of this rule allows for determining the final result already after the second response. Figure 2 . Experimental protocol. NRT sessions of initial practice (3 blocks) and retesting (10 blocks) are marked for the experimental groups. The critical interval between initial practice and retest contained particularly high amounts of either SWS (for the early-night group, Early-NG) or REM sleep (for the late-night group, Late-NG). The timing of two control groups (morning group, Morning-G and evening group, Evening-G) is also indicated. et al., 2008) . Sleep was recorded polysomnographically, including EEG recordings from left and right central sites (C3, C4), horizontal and vertical EOG, and EMG from chin electrodes. Sleep stages S1, S2, S3, S4, and REM sleep were classified by an experienced rater according to standard criteria (Rechtschaffen & Kales, 1968) . SWS was calculated as the sum of time spent in sleep stages S3 and S4.
Data Analysis
RT were measured for each response type. RT of the first response (R1) was measured as the time from string appearance to the first key press. The RTs of the other responses (R2, R3, R4, R5, R6, R7) were measured as the times between the previous response and the respective key press. The RT to the final result (Enter-RT) was measured as the time between R7 (or any other response in case of shortcuts) and Enter key press.
Individual Data Analysis: Associative Implicit Learning
In the category explicit knowledge generation or insight (ExK), two types of participants were included: (1) subjects who used the short-cut response (Enter) to indicate the final correct response of a string after making less than 7 (1, 2, or 3) responses, thus, achieving a reduction of the number of responses, and (2) subjects who had not used the short-cut decision, but were nonetheless aware of the NRT hidden principles as indexed by both the direct speed test (giving a correct verbal response within 2 s after string presentation) and the free subjective report. ExK subjects were excluded from most RT analyses except for assessing the effects of transition from the third to the fourth block. Subjects who did not gain insight but satisfied the criteria for accumulation of implicit knowledge (see below) formed the category ImK. Subjects who did not gain insight and did not gain implicit knowledge according to predefined criteria formed the category of no-knowledge subjects (NoK). Implicit learning was analyzed by RT analyses for the seven responses for each task trial: R1, R2, R3, R4, R5, R6, and R7. Effects of sleep were evaluated by analysis of RTs of non-ExK participants in the course of the last 10 blocks of the NRT that were the postsleep blocks for the sleep groups. For some of the parameters, the first three blocks were also analyzed (see Results).
For R2, R3, R4, R6, and R7 response types, the "difference rule" always had to be applied. Logically, the application of one and the same operating principle was expected to result in similar RTs for these response types. Moreover, on each string, the responses were made with varying fingers, so that any finger-specific effect was not plausible. However, observation of individual RTs revealed that there were different types of individual RT dynamics for the "difference rule"-related responses. The following behavioral patterns were noticed:
(1) As expected from the implementation of one and the same operating principle, in many nonsolvers, the RTs to R2, R3, R4, R6, and R7 were similar and did not deviate from one another. Figure 3 (left column) illustrates RT dynamics of one representative subject from the group of NoK subjects. For comprehensive visualization, the same data are presented in two ways, with different response values superimposed for each experimental block ( Figure 3A) , and different block values superimposed for the specific responses ( Figure 3B ).
(2) In contrast to the expectation of similar RTs to R2, R3, R4, R6, and R7, some subjects manifested a substantial decrease of RT to R6 and R7 relative to the other response types. As shown in Figure 3 (right column) where the RT dynamics of one representative subject is illustrated, this led to a marked dissociation of RTs, i.e., an RT decrease for mirror responses (R5, R6, R7) in the course of the experiment. This implies that these subjects were in one way or another able to use the hidden rules during task performance. However, neither of these subjects had any awareness of the hidden principles. Thus, the RT reduction to mirror responses could only be caused by an implicit knowledge of these principles (Rose et al., 2005) . Accordingly, as mentioned, these subjects were assigned to a separate category of performers called implicit knowledge (ImK), in contrast to the explicit knowledge (ExK) subjects who could discover consciously, formulate verbally, and/or employ the mirror or another hidden rule to reduce the number of responses preceding the final decision.
To reliably separate the ImK from the NoK subjects who did not gain an implicit knowledge of the task on the basis of quantitative assessment, a statistical criterion was implemented. For each individual who was not an explicit solver, single-trial mirror responses were statistically compared in each of the 10 test blocks. Being always a direct repetition of R4 and always resulting from application of the simple "identity" rule, the R5 response was generally much faster than all other single responses. Because this effect might mask RT effects related to implicit learning of the more complex mirror structure (see Rose et al., 2002) only R6 and R7 were used to reflect mirror responses, and R3 and R4 were used to reflect unpredictable responses. By means of ANOVAs, RTs to R3 and R4 were tested against the RTs to R6 and R7. Since the R1 and R2 responses were suspected to be affected by less effort of visual discrimination (because the response string consisted of one digit only), only R3 and R4 were used to reflect difference-rule processing. To control for the effects of multiple comparisons (Bonferroni correction), the alpha level for p was reduced to 0.005. Considering further the correlated multiple outcomes (Perneger, 1998), p was accepted as significant only if smaller than .01. An additional stringent criterion was adopted such that a subject was assigned as an implicit learner only if this significance was achieved in at least three consecutive blocks. By this procedure, the number of ImK subjects was defined for the Early-NG, Late-NG, Morning-G, and Evening-G (Table 1) .
Here, only the rate of implicit knowledge generation after sleep will be statistically analyzed. To compare the effects of sleep in the early and late night vs. no sleep, χ² tests were performed.
Group Data Analysis: Procedural Implicit Learning
For analysis of procedural learning, defined as response-nonspecific gain in RT, RTs to all seven responses (R1-R7) were assessed as a function of time-on-task in the last 10 blocks and for the first 3 blocks. Also, changes over time of the RT to the final Enter-response was evaluated. Further, normalized RTs (RTnorm) were also used to control for the large interindividual variance of RT both across response types and across blocks, which allowed maintaining statistical power in spite of this large variance. RTnorm values were calculated for each individual according to the equation:
where RTi is the actual RT value, RTmax is the maximal individual average RT value out of all 13 blocks, and RTmin is the minimal individual average RT value out of all 13 blocks. Thus, for each subject, RT values for the whole experiment of 13 blocks had values between 0 and 1.
The ANOVA designs used the two between-subjects factors Sleep Group (Early-NG, Late-NG, and No-sleep) and Performance Group (NoK vs. ImK) and the two withinsubjects factors Block (10 or 3 levels) and Response (7 levels corresponding to R1-R7; or unpredictable /R3, R4/ vs. predictable /R6, R7/). The significance level was set to α = 0.05. Significant main effects and interactions were specified by subsequent F-tests of simple effects. For withinsubjects factors with more than two levels, degrees of freedom were adjusted according to the Greenhouse-Geisser procedure. Table 1 presents the number of ImK in the Early-NG, Late-NG, and two no-sleep (morning and evening) groups. Figure 4 demonstrates graphically that the number of ImK subjects was significantly larger in the Late-NG (62%) than in the Early-NG (31%): χ² (1, n = 55) = 5.15, p < .05. Also, the rate of ImK was significantly higher for the Late-NG than morning and evening groups, χ² (1, n = 45) = 5.47, p < .05, while no differences existed between Early-NG and no-sleep groups. Accordingly, the rate of NoK subjects was lower in the late-night relative to morning and evening groups, χ² (1, n = 45) = 4.01, p < .05, and did not differ between the two sleep groups, χ² (1, n = 55) = 0.68, p = .41, because of an increase (yet nonsignificant) of explicit solvers in the Early-NG (Table 1) . In contrast to the sleep groups where almost half of the subjects already manifested markers of implicit knowledge generation in the first three blocks before sleep (Yordanova et al., 2008) , only four subjects from the Evening-G (21%) and two subjects from the Morning-G (10.5%) showed such markers in the first three blocks of NRT performance.
Results
Effects of Early-and Late-Night Sleep on Implicit Learning
On-Line Procedural Learning in the NRT
On-line procedural learning in the NRT was measured by performance speed increase for time-on-task. Practice-based motor learning is expected to affect each response type within a trial and reduce the overall time required for single trial computation. To verify that the speed increase was response nonspecific, RTs to each response type were entered in the analysis. On-line procedural learning was evaluated for the last 10 blocks of the NRT representing postsleep conditions in the sleep groups. The ANOVA design included two within-subjects variables Block (n = 10 levels) and Response (n = 7 levels) and two between-subjects variables Sleep Group (Early-NG, Late-NG, and No-sleep) and Performance Group (NoK and ImK) where NoK and ImK were defined according to the performance in the last 10 blocks of the NRT. Additionally, to emphasize RT dynamics across blocks independently of response speed, normalized RTs (RTnorm) were analyzed with the same ANOVA design. The same analyses were made for the first three blocks of the NRT. Figure 5A illustrates the overall dynamics of NRT performance across response types in the three groups. It is shown that response speed decreased most substantially in the first four blocks of task performance, with the rate of decrease being slower in the remaining blocks, overall Block effect F(12, 756) = 116.3, p < .0001. For the no- sleep groups, performance did not speed up after the fourth block, indicating a saturation of learning in the fourth block when the NRT was performed continuously, Block effect in the no-sleep groups for the last 10 blocks F(9, 234) = 1.9, p > .15. For the sleep groups, in which the third and fourth blocks were separated by 3 h of sleep, RT continued to decrease with time-on-task after sleep, Block effect in the sleep groups for the postsleep 10 blocks: F(9, 333) = 11.8, p < .001; Block × Group, F(9, 333) = 0.88, p > .5. Yet, the RT reduction from the third to the fourth block indicating off-line learning during sleep was less pronounced than the on-line learning in the no-sleep groups, indicated by a trend for a Block × Group interaction F(24, 765) = 1.6, p = .09, and had not reached the saturation level. RT of the key-press for confirming the final result (R-Enter) significantly decreased with training in all groups, Block effect in the last 10 blocks, F(9, 567) = 4.9, p < .001; Block × Group, F(18, 567) = 1.4, p > .15. Figure 5B shows that, pooled across the 13 blocks, RT of each group was consistently shortest for R5 associated with the simple "identity rule', and was longest for R1 marking the appearance of each new string, Response, F(6, 378) = 88.1, p < .001; Response × Group, F(12, 378) = 1.2, p > .3. Figure 6A demonstrates the dynamics of RT for NoK and ImK subjects in the course of the whole experiment of 13 blocks. RTs were overall slower for NoK than ImK participants, Performance group, F(1, 63) = 6.2, p = .015. This difference was especially pronounced for the last 10 blocks of the task, Performance Group, F(1, 63) = 6.7, p = .01, and only tended to be significant in the first three training blocks, Performance Group, F(1, 63) = 3.7, p = .06. As will be detailed below, this difference was mainly the result of predictable responses that were faster in the ImK (mean 814 ms) than NoK (mean 993 ms) group, Performance Group effect for predictable responses F(1, 63) = 11.7, p = .001; Performance Group × Block, F(9, 567) = 1.1, p = .36, whereas the two performance groups did not differ with respect to the speed of unpredictable responses, Performance Group effect for unpredictable responses F(1, 63) = 0.64, p = .43; Performance Group × Block, F(9, 567) = 0.64, p = .62, mean RT for ImK = 970 ms vs. mean RT for NoK = 1011 ms.
Implicit Associative Learning in the NRT
In addition to the individually applied statistical criteria, the separation between NoK and ImK was further verified at the group level by means of the repeated measures ANOVAs. Across groups, there was a significant Performance Group × Response interaction for RT in the last 10 blocks where ImK subjects were identified, F(6, 378) = 4.0, p = .01. As Figure 6 B illustrates, this was a result of the significant RT reduction to predictable, relative to unpredictable, responses only for the ImK group, Predictability × Performance Group, F(1, 63) = 43.6, p < .001; Predictability in ImK, F(1, 32) = 92.9, p < .001; Predictability in NoK, F(1, 31) = 2.9, p = .1. Also, the effect of response predictability in the ImK group increased with time-on-task, Block × Predictability in ImK, F(9, 288) = 2.4, p = .04; in NoK, F(9, 279) = 0.57, p = .7. For these effects, no significant interactions with Group were found. These results were confirmed by analyses of normalized RT, Predictability × Performance Group, F(1, 63) = 52.5, p < .001; Predictability in ImK, F(1, 32) = 134.8, p < .01; Predictability in NoK, F(1, 31) = 3.0, p = .1.
Analysis with normalized RT further indicated that despite the overall faster RTs in the ImK than NoK group, RTs to unpredictable responses (R3 and R4) were relatively prolonged in the ImK than in the NoK group, Performance Group effect for unpredictable responses, F(1, 63) = 4.0, p = .05, while only RTs to predictable responses were reduced, Performance Group effect for predictable responses, F(1, 63) = 5.2, p = .03. These effects are illustrated in Figure 7 . Also, they were observed for each of the sleep and no-sleep groups, Sleep Group × Performance Group for unpredictable responses F(2, 63) = 0.05, p = .9; for predictable responses F(2, 63) = 0.27, p = .7. 
Discussion
One major finding of the present study is that early-night sleep, rich in SWS, and late-night sleep, rich in REM, differentially modulate individual cognitive strategies for solving a task, in which explicit and implicit knowledge may be acquired in parallel. As evinced by the group-specific rate of subjects who gained implicit knowledge about the NRT structure, late-night sleep produced a substantial facilitation of implicit associations without modifying individual ability for explicit knowledge generation. In contrast, early-night sleep did not affect individual capacity for implicit learning, nor did the absence of any sleep interval increase the gain of implicit knowledge after initial training. Thus, late-night sleep rich in REM sleep appears to support specifically associative implicit knowledge.
This result could be revealed by identification of individual processing strategies. In previous studies using the NRT, the level of individual assessment could identify reliably only those subjects who explicitly gained insight, based on their abrupt reduction of response number, and speed (Lang et al., 2006; Rose, Haider, Weiller, & Büchel, 2004; Rose et al., 2002 Rose et al., , 2005 Wagner et al., 2004) . At the level of group evaluation, however, patterns of implicit learning have not been distinguished. Control experiments without hidden regularity in NRT trials have verified that RT speed increases to mirror-responses in nonsolvers was produced by a gain in implicit knowledge rather than by fast procedural learning within string processing (Rose et al., 2002 (Rose et al., , 2004 (Rose et al., , 2005 . These observations confirm that speeded reactions to mirror stimuli reflect implicit learning in nonsolvers (Rose et al., 2002 (Rose et al., , 2004 , thus, justifying the criterion implemented in the present study to separate individuals in whom abstract information was implicitly structured, from individuals in whom no such implicit knowledge was generated. Applying these statistical criteria to individual single-trial data, as done here, helped to reveal a clear pattern of implicit learning during the NRT progression. This demonstrated that within the group of nonsolvers, there were two subgroups of subjects who did, or did not, gain implicit knowledge about the abstract structure of the NRT.
A question that can be raised is whether this pattern of results emphasizes the specific role of late-night sleep for implicit learning, or if other factors may be responsible. Such a factor could be circadian rhythms since different groups performed the NRT retest session at different times of the day. However, although the late-night and the morning groups performed the task at the same hours of the day, the rate of ImK subjects differed between these two groups, which shows that circadian rhythms might not be critical. The lack of difference between the morning, evening and early-night groups further suggests that it was not a differential proactive supporting effect of sleep that increased implicit knowledge after late-night sleep, nor could it be the duration of the retention interval since that was equal for the early-and late-night groups. Previous studies using the design of split nocturnal sleep (e.g., Ekstrand, 1977) have analyzed control wake groups, in which the retention intervals were not full of sleep, although they were situated within exactly the same circadian cycle as in the sleep groups. Also, there were control groups evaluated with equally long retention intervals during daytime sleep and wake (e.g., Plihal & Born, 1997; Robertson, Pascual-Le- Wagner et al., 2004; Walker, Brakefield, Morgan, Hobson, & Stickgold, 2002) . All these studies support current evidence that circadian rhythms, the proactive effect of preceding sleep, or the duration of retention interval may not be responsible for the enhanced gain of implicit knowledge after late-night sleep as found here.
Instead, the high rate of implicit associative knowledge may be specifically linked to the role of REM sleep for the preservation of implicit information (Yordanova et al., 2008; Yordanova, Kolev, Wagner et al., 2009) . Importantly, this effect appears specific for abstract implicit information and not for motor procedural information. As the present results demonstrate, on-line procedural learning after initial training did not differentiate the late-night group from the other (early-night and no-sleep) groups. Further, previous analyses of presleep vs. postsleep differences in performance in the same sleep groups indicated that early-and late-night sleep did not differ with respect to off-line motor procedural learning (Yordanova, Kolev, Wagner et al., 2009 ). Altogether, current and previous results suggest that sleep intervals or different sleep stages may not affect off-line or subsequent on-line motor procedural learning. REM sleep during latenight sleep may be functionally involved in the preservation of structured abstract patterns of implicit information (Yordanova et al., 2008; Yordanova, Kolev, Wagner et al., 2009 ). Recent neuroimaging studies using a probabilistic serial-reaction task have demonstrated that brain regions that had been activated during training were significantly more active during REM sleep (Maquet et al., 2000) , which was suggested to optimize the functional connectivity between those brain regions that had subserved presleep performance (Laureys et al., 2001; Peigneux et al., 2003) . The REM sleep stage has been further associated with the implicit acquisition of higher-order information by the coactivation emerging between visual cortical regions (cuneus) and basal ganglia during REM (Peigneux et al., 2004) . The beneficial role of REM sleep in consolidating implicit information is also indicated by REM increases following cognitive procedural/implicit task acquisition (Rauchs, Desgranges, Foret, & Eustache, 2005; Smith, Nixon, & Nader, 2004; Wagner, Hallschmid, Verleger, & Born, 2003) . The present results are, therefore, consistent with the suggestion that during REM sleep new associative links are formed between memory traces already stored in the neocortex (Stickgold, 2005; Stickgold, Hobson, Fosse, & Fosse, 2001) .
Of interest, the generation of implicit abstract knowledge could be dissociated from implicit mechanisms of motor learning. This was evidenced by the fact that RTs to unpredictable items were not faster in ImK than NoK subjects, indicating that the gain of implicit abstract knowledge was not accompanied by response-unspecific speed increases in performance. Moreover, analysis of normalized RTs demonstrated a relative slowing of unpredictable responses and a speed increase of only the predictable responses in ImK subjects. Thus, the generation of implicit abstract knowledge appears to inhibit the procedural learning of unpredictable items. This shows that a reciprocal type of interaction may exist between implicit motor-procedural learning and implicit abstract learning, similar to the interaction suggested between explicit and procedural learning mechanisms (Brown & Robertson, 2007; Robertson, 2009 ). Also, in tasks with complex abstract regularities, implicit motor proceduralization may be reciprocally affected by the mere formation and distinctiveness of neural representations of abstract information rather than by which system (explicit or implicit) the abstract neural representations are being processed. The relevance and interdependence of the functional domains within the implicit memory system merit further clarification.
